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Abstract 
A new approach for self-monitoring of amperometric oxygen sensors based on ZrO2 utilizing a dynamic operation mode is 
presented. The sensors are characterized statically and dynamically before and after degradation induced by silicone vapor. 
Dynamic operation reveals several features in the IV characteristics which can be attributed to physical degradation, e.g. a silica 
covered membrane. Thus, it is possible to use dynamic characterization as an easy method to assess the degradation state of the 
sensor. Those features are independent of oxygen partial pressure, i.e. no gas test is needed. Data evaluation is done by pattern 
recognition via Linear Discriminant Analysis, which is validated using 10-fold cross-validation. 
© 2014 The Authors. Published by Elsevier Ltd. 
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1. Introduction 
Measuring oxygen partial pressure is an important matter in many technical applications. While the λ-probe in 
combustion engines, which works over several orders of magnitude, is probably the most prominent application, 
there is also a need to detect very small variations in oxygen concentration. While the former is usually done using 
the potentiometric principle, the amperometric principle is better suited to detect very small variations in a confined 
range (e.g. oxygen concentration in ambient air) [1,2]. 
The sensors investigated in this article are of the amperometric type. Their main element is a heated zirconium 
oxide (ZrO2) membrane. At elevated temperatures, this material becomes a pure oxygen ion conductor and is thus 
widely used for oxygen sensing purposes. One side is encapsulated by a cover with a diffusion barrier, e.g. a small 
pinhole [3], forming a cavity. A voltage is then applied across the faces of the ZrO2 membrane, driving oxygen ions 
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through the material and pumping them out of the cavity. This ion current is the measurement signal. When the 
cavity is nearly depleted of oxygen, which is the case in usual application, the ion current is limited by diffusion into 
the cavity. Hence, as can be derived from Fick’s Law, it is proportional to the oxygen partial pressure outside of the 
cavity (in the cavity, the oxygen partial pressure can be considered negligible). As a result, the measured ion current 
is directly proportional to the ambient partial pressure of oxygen. 
This sensor principle is vulnerable to contaminations that inhibit oxygen transport, e.g. organic silicones that 
dissociate due to the high working temperature of the sensor [4]. Organic silicones form nonvolatile reaction 
products (silica) which are deposited on the membrane, reducing the effective pumping voltage. This degradation 
does not affect the sensor signal as long as the effective pumping voltage is far above the Nernst voltage, i.e. as long 
as the cavity is still depleted. However, when the degradation continues and the cavity cannot be completely 
depleted anymore, the main assumption of the sensor principle, zero oxygen partial pressure in the cavity, is no 
longer true and the sensor value becomes unreliable. For safety applications it is necessary to verify the correct 
function of the sensor, ideally without tests requiring specific gas mixtures.  
This work describes an approach which allows quantification of a ZrO2 oxygen sensor's degradation state without 
using any gas tests. The method relies on dynamic operation of the sensor, here a voltage ramp, and pattern 
recognition of the obtained sensor signal using Linear Discriminant Analysis (LDA) [5,6]. Validation of the results 
is done by 10-fold cross-validation [7].  
2. Experimental details 
2.1. Data acquisition 
ZrO2 oxygen sensors from Fujikura Ltd. (Japan), type FCX-UC [3], are investigated. The sensor is placed inside a 
sealed chamber which is connected to a gas mixing unit (GMU). The GMU used for characterization mainly consists 
of two 500 ml mass flow controllers (MFCs) which regulate the flow of dry zero air and dry nitrogen, respectively. 
Thus, oxygen concentration can be set between 0 and 20 %. Another GMU is used for applying 
hexamethyldisiloxane (HMDSO) to the sensor. The background gas is generated in the same way as described 
before, but with dry and humid zero air. Thus, oxygen concentration is kept constant at 20 % during degradation, 
while relative humidity is set to 50 %. HMDSO is applied by a separate 10 ml MFC which runs zero air through 
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Figure 1. (a) static IV characteristics for different oxygen concentrations before (full) and after (dashed) HMDSO exposure; (b) dynamic IV 
characteristics for different oxygen concentrations before (full) and after (dashed) HMDSO exposure. Characteristic regions are indicated with 
(i)-(v). 
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liquid HMDSO in a bubbler flask. The saturation concentration of HMDSO in gas phase was calibrated to be 
70,000 ppm beforehand by weighing the bottle before and after a time span with a defined gas flow. 
Sensor control and read-out are realized with LabVIEW (NI) and a custom-made circuit board (impedance 
converter for heating and OP-Amp-I-V-converter) attached to a LabJack U12 for data acquisition. The sensors are 
operated at a constant heater power of 1.5 W, which is software controlled, corresponding to 450 °C [8].  
The static IV characteristic of the device is determined by increasing the voltage from 0 to 1.15 V in steps of 
50 mV and measuring the current 30 s after each increase (Fig. 1a). For the dynamic measurement, a voltage ramp (0 
to 2 V) with a slope of 20 mV/s is applied (Fig. 1b). Dynamic operation of sensor voltage has already been 
successfully applied to semiconductor gas sensors [9] and gas-sensitive field effect transistors (GasFETs) [10]. To 
test degradation by silicones, a cyclically operated sensor (cf. Fig. 1b) is exposed to a gas flow consisting of air 
(50 % r.h.) with 350 ppm HMDSO for 72 hours. Every 18 hours, dynamic characterization is performed for one hour 
in four different oxygen concentrations (5, 10, 15 and 20 %) in dry nitrogen. 
2.2. Data treatment 
Each characterization cycle is normalized by mapping it to a range of 0 to 1 and divided into 15 sections for 
which mean value, slope and maximum of the sensor signal are computed. Subsequently, those features are used to 
discriminate different degradation states of the sensor (given in hours of HMDSO exposure) employing LDA. Each 
class, i.e. degradation state, comprises at least 30 data points from each oxygen concentration (5, 10, 15 and 20 %). 
The obtained results are then validated by 10-fold cross-validation. This method removes a tenth of all data 
points from the training data, performs LDA and projects the remaining points with the obtained coefficients. These 
points are then classified using the Mahalanobis distance to the group centroids [11], and the correct classification 
rate is a measure for the separability of classes. This procedure is repeated ten times, so that each point is omitted 
once, and the mean values of classification rate are computed. 
3. Results and discussion 
A specific IV characteristic with five different sections was observed during each voltage ramp (Fig. 1b): 
backward current (i), zero current (ii), pseudo-ohmic region (iii), peak (iv), and plateau (v). These sections can be 
attributed to physical processes occurring in the sensor. In section (i), the cavity is depleted and oxygen ions from 
the outside flow through the membrane into the cavity, which can be measured as negative current. In (ii), 
equilibrium is reached and the sensing voltage is not yet high enough to pump ions through the membrane. Section 
(iii) shows pseudo-ohmic behavior; the flow of oxygen ions through the membrane increases with the voltage, but is 
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Figure 2. (a) change of cycle shape during degradation in 20 % O2.; (b) LDA plot of a continually degraded sensor. New and degraded state can 
easily be discriminated. 
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still below the diffusion limit. The peak in (iv) arises from the fact that the flow through the membrane exceeds the 
diffusion limit. Thus, the cavity is depleted and the current settles on a new equilibrium in (v), reflecting the oxygen 
diffusion rate and thus outside oxygen partial pressure. 
Especially the area enclosed by (i) and the height of the peak (iv) show a large dependence on the sensor’s 
degradation state (Fig. 2a). Physically, these dependencies can probably be attributed to the membrane being 
covered more and more with silica, making incorporation of ions more difficult, and reduction of the cavity volume. 
Since the sensor characteristic carries information about the degradation, pattern recognition via LDA [4] can be 
performed based on the 45 computed features to discriminate the degradation states of the sensor (Fig. 2b). By 
determining these features in different concentrations of oxygen, this discrimination becomes independent of the 
oxygen concentration. Hence, no gas-test is necessary and the assessment can be performed during regular operation. 
The first discriminant function can clearly separate the sensor after 0 h HMDSO exposure, i.e. new, from every other 
measurement. Adding a second and third (not shown) discriminant function improves the class separation, so that all 
five classes (0, 18, 36, 54 and 72 h) can clearly be separated from each other (Table 1). 
            Table 1. Correct classification rate with 10-fold cross-validation. 
class correctly classified data (with 3 discriminant functions) 
overall 97.5 % 
18  97.9 % 
36 h 98.2 % 
54 h 95.6 % 
72 h 99.2 % 
4. Conclusion 
We have shown that dynamic operation of amperometric ZrO2 sensors is suitable for classification of sensor 
degradation caused by exposure to silicone vapor. Certain features in the dynamic sensor  response are much more 
sensitive to poisoning than the sensor signal in the static mode, and can therefore provide an early indicator for 
poisoning before the sensor function is affected. 
Using more features in combination with pattern recognition, the degradation state can be assessed independently 
from the oxygen partial pressure, i.e. without a gas test. 
We have explained changes in different parts of the dynamic cycle during degradation and attributed them to 
physical effects in the sensor (e.g. silica covering the membrane or reducing cavity size), which can be useful for 
further research. 
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